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ABSTRACT
Music preferences are likely to depend on contextual character-
istics such as location and activity. However, most recommender
systems do not allow users to adapt recommendations to their cur-
rent context. We therefore built ContextPlay, a context-aware music
recommender that enables user control for both contextual charac-
teristics andmusic preferences. By conducting amixed-design study
(N=114) with four typical scenarios of music listening, we investi-
gate the effect of controlling contextual characteristics in a music
recommender system on four aspects: perceived quality, diversity,
effectiveness, and cognitive load. Compared to our baseline which
only allows to specify music preferences, having additional control
for context leads to higher perceived quality and does not increase
cognitive load. We also find that the contexts of mood, weather, and
location tend to influence user perception of the system. Moreover,
we found that users are more likely to modify contexts and their
profile during relaxing activities.

CCS CONCEPTS
• Information systems→Personalization;Recommender sys-
tems; • Human-centered computing → User studies; Empirical
studies in HCI.
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1 INTRODUCTION
Researchers have started to notice the benefits of incorporating
contextual information into the recommendation process [1–3].
Contextual information has been applied in various recommen-
dation domains, including music [5, 7, 50], film [39], social [51],
tourism [47] and learning [48].

In this work, we focus on context-aware music recommendation.
Existing research suggests that the influence of contextual charac-
teristics on the functions of music listening outweighs the influence
of personal characteristics [15, 16]. A number of researchers have
focused on incorporating individual context factors such as mood
[5], daily activity [50], and time of day [7], but did not investigate
how a combination of various contextual characteristics may in-
fluence the way people interact with music recommendations. In
addition, some research has investigated the influence of personal
traits such as visual literacy, locus of control, musical sophistication,
etc. [20, 31, 32], but not the influence of contextual characteristics.
To address this gap, we designed a music recommender system
where users are allowed to indicate the importance (i.e., weight)
of six contextual characteristics that were identified in a literature
review of contextual characteristics that influence music listening
behavior. These include mood, location, weather, social aspects,
current activity and time of the day. An online experiment was con-
ducted with 114 participants recruited from Amazon MTurk. Two
different versions of the system (one with and one without control-
ling contextual information) were deployed using a mixed design.
The following research questions are addressed in this paper:

RQ1: How does adding control of contextual characteristics
influence user perceptions of the system?

RQ2: How do different contextual characteristics such as mood,
weather, time of day (time), and presence of other people (social)
[26] influence user perceptions of the system?

RQ3: How do different scenarios (location, activity) influence
user requirements for user control of music recommendations?

The results of our study show that providing control over con-
textual information increases perceived recommendation quality
without increasing cognitive load. Mood seems to be the most sig-
nificant contextual characteristic. In addition, we found that users
are more likely to interact with context parameters and their own
profile during relaxing activities.
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2 RELATEDWORK
We first review previous work on user control in music recom-
mender systems. We then discuss which contextual characteristics
may be suitable to consider for different types of control.

2.1 User Control in Recommender Systems
Many recommender systems are opaque to users, and more user
control can increase the perceived quality of recommendations
[35]. In addition, users tend to be more satisfied when they have
control over how recommender systems produce suggestions for
them [27]. Controllability often allows users to steer the recom-
mendation process to obtain suggestions that are better suited to
them [17]. This, in turn, promotes trust in the system [10, 13], and
hence improves the acceptance of recommendations. Controlling
the recommendation process may range from providing ratings for
an item to adjusting algorithm parameters.

Controlling recommendation results can be as simple as sorting or
liking/disliking recommended items. For instance, a system may al-
low users to iteratively select relevant items from the recommended
list to indicate his/her desired outcomes. This approach does not
require users to specify the exact features of the desired outcomes,
thus the demand for domain expertise is low [30]. MusiCube [40]
is an example music recommender system that allows users to
fine-tune recommendations by evaluating the results.

Controlling user profiles implies allowing users to modify their
profile in order to match their evolving preferences, which has
been shown to improve acceptance of recommendations [6, 19, 42].
Millecamp et al. [32] implemented a Spotify-based music recom-
mender system that allows users to fine-tune recommendations
by modifying their favorite artists and musical attributes, such as
danceability, energy, and valence. Schaffer et al. [42] implemented a
movie recommender system and investigated the impact of profile
manipulation. Their experiment results showed that users were
able to identify sources of bad recommendations and remove them.

Controlling algorithm parameters includes adjusting the weight
of a parameter which is usually invisible to users [37]. A promi-
nent example of a music recommender system that allows such
control is TasteWeights [8]: users are able to change the weights
of their favorite artists. MoodPlay [5] is a music recommender
system that allows users to indicate the intensity of their mood.
Similar to TasteWeights and MoodPlay, we allowed users to modify
the weight of algorithm parameters. Instead of focusing on one
contextual characteristic, we took into account a number of charac-
teristics that may be relevant to music listening experiences. These
characteristics are reviewed in the next section.

2.2 Contextual Characteristics
Context-aware recommender systems assume that recommenda-
tions based on users and items alone may be insufficient and that
they can be improved by integrating contextual information into the
recommendation process [1, 3]. For music recommender systems,
mood has been shown to have a great importance for providing
better recommendations [3, 5]. In addition to MoodPlay, there are a
number of other music recommender systems that employed differ-
ing types of contextual information, such as daily activity [50], time

of the day [7], and trending topics [8]. In ourwork, we are investigat-
ing how a combination of contextual characteristics may influence
the way people interact with music recommendations. To motivate
which contextual characteristics to investigate, we reviewed which
characteristics have been observed to influence music listening
behavior, as well as the literature on context-aware recommenda-
tion. We divide these into two broad categories: environment-, and
user-based contextual characteristics.

2.2.1 Environment-based Contextual Characteristics.

Location. North et al. [33] studied the influence of location on
the preference of music listening, and showed that the preference
of musical descriptors varies depending on the location: certain
preferences were predominately reported while being in a particu-
lar location. For instance, locations that can be considered arousing
(e.g., party) are associated with a preference for musical descriptors
that further increase arousal (e.g., invigorating, exciting/festive,
loud). On the other hand, locations that represent a low degree
of arousal (e.g., yoga room) is associated with a preference for
musical descriptors that would further reduce arousal (e.g., relax-
ing/peaceful or quiet) [33]. Similarly, Krause et al. [28] found that
the intensity of music being listened to varies across locations.

Time of day (time). A number of studies have found significant
effects of the influence of time of day on music listening behavior.
North et al. [34] showed that a great percentage of listening activi-
ties occurs in the evening and at the weekend. However, Krause et
al. [28] argued that the ubiquitousness of mobile phones, computers
and other listening devices allow people to listen to music in any
location they find themselves in the daytime, such as the workplace.
Similarly, Rana and North [38] found that people are more likely
to use music to help them concentrate or think during the work-
ing hours than during the evenings. Baltrunas and Amatriain [7]
introduced a time-aware music recommender system that suggests
albums based on the time of the day. Our approach uses time to
recommend music on a different level of granularity (i.e., tracks).

Presence of other people (social). Tarrant et al. [45] found that
youths may listen to music for the purpose of fulfilling emotional
needs (e.g. when being lonely). Among adults, Egermann et al.
[12] observed that music listening was more arousing alone. On
the other hand, Liljestrom et al. [29] found that participants have
intense emotional responses together with a close friend or partner.

Weather. It has been shown that weather has a significant influ-
ence on our mood [41]. Researchers found that pleasant weather
is related to a positive mood, while hotter weather in summer
may lead to a negative mood [23]. A recent experiment conducted
by Spotify in collaboration with AccuWeather also revealed that
weather has a significant influence on valence. Specifically, users
listen to higher-energy and happier-sounding music on sunnier
days, and the opposite on rainy days [46].

2.2.2 User-based Contextual Characteristics.

Activity. Research has consistently found that music listening
occurs frequently during personal maintenance (e.g., housework,
cooking), active leisure activities (e.g., exercise, socializing), and
travelling (e.g., driving, walking) [14, 22, 34, 43, 49]. Volokhin and
Agichtein [49] showed the variability of activities people engage
in while listening to music, but certain activities such as driving,
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housework, exercise, and cooking remain at the top across age
groups and cultures. Heye and Lamont [18] found that people who
frequently listen to music while on the move mainly listen for en-
joyment, passing time, and enhancing emotional states. Wang et al.
[50] introduced a music recommender system based on users’ daily
activities. Their experiments showed improved recommendations
even in the absence of pre-existing ratings or annotations.

Mood. Previous studies investigating the effects of music therapy
have shown that emotion and music are strongly related [25]. Thus,
emotion such as valence has been used widely to define attributes
of a song. MoodPlay is a music recommender system that employs
mood as contextual information to provide better recommendations
[5]. It allows users to indicate the intensity of their mood on a
linear scale from strong to weak. Dhahri et al. introduced a system
that relies on users’ mood and implicit feedback to recommend
music without any prior knowledge about the user preferences [11].
CoFeel is a user interface that uses emotions for social interaction
in a group recommender [9]. CoFeel has been demonstrated as a
group music recommender system, GroupFun, which suggests a
common playlist for a group by taking into account the music taste
of all group members. Bardo uses speech recognition to transform
what players say during a role-playing game session into emotion
tags and subsequently recommends background music [36].

2.3 Research gap
We reviewed existing work that incorporates contextual informa-
tion in music recommender systems. Although interesting results
have been obtained, the conducted research so far is rather ad
hoc: a specific contextual characteristic is incorporated and effects
on music recommender effectiveness are discussed. In this paper,
we research in a more systematic way the influence of different
contextual characteristics on interactive music recommendations.
Based on a review of both environmental and user based contextual
characteristics that have been shown to influence music listening
behavior, we selected a broad range of contextual characteristics
that may influence interactive music recommendations. These con-
textual characteristics can be modified in an interactive music rec-
ommender interface. We present a user study to systematically
assess the influence of these different contextual characteristics on
a variety of aspects of music recommender systems.

3 SYSTEM DESIGN
We implemented a context-aware music recommender system, Con-
textPlay, to evaluate whether and how users control information
about contextual characteristics to tailor recommendations. This
section explains the recommendation algorithm and the user inter-
face simulating a mobile device for different contextual scenarios.

3.1 Algorithm
We implemented a context-aware recommendation algorithm based
on the Spotify recommendation API1. Our system creates playlists
for the different contextual characteristics identified in the music
listening literature. The algorithm consists of two steps: 1) recom-
mendation generation and 2) recommendation ranking.

1https://developer.spotify.com/documentation/web-api/reference/browse/
get-recommendations

First, we use the Spotify personalization API2 to retrieve top
listened artists, tracks, and genres as theuser profile for generating
recommendations. The maximum number of recommended songs
is 100 per call. At the beginning, our algorithm chooses a top artist,
a top track, and a genre as input seeds to generate 100 songs.

Then, we rank recommendations based on the following context
model: M = {Location, Activity, Mood, Weather, Time, Social}.

Each dimension contains several values; Location = {outdoor,
highways, home, office}, Activity = {driving, jogging, working, re-
laxing}, Mood = {happy, sad}, Weather = {sunny, rainy}, Time =
{morning, evening}, and Social = {alone, party}. In total, we defined
16 context tags based on these instances. This list is non-exhaustive,
but incorporates the different contextual characteristics that were
identified in earlier research as relevant for music listening.

We use the Spotify search API3 to query the playlists that match
the specified context tags. We collected 400 songs for each of the
16 context tags. We considered these songs as annotated data and
trained a classifier C for the 16 context tags using the SVM algo-
rithm (RBF kernel). We trained this model based on 12 musical
features4 available in the Spofity API. For an input song s , this
classifier yields probabilities p for 16 context tags. The sum of all
probabilities is equal to 1. Based on the weightsw (0-100) assigned
for the tags, we can calculate a score C(s) to measure the fit of the
song s for the current context.

C(s) =
16∑
i=1

pi ∗wi (1)

Of note, all of the tags of each contextual characteristic have the
same weight. In the end, we ranked the 100 recommended songs S
by their score. The higher the score for a song, the better it matches
the context.

In sum, we first generate personalized recommendations based
on the user profile, and then ranked the candidate recommendations
based on the contextual information.

3.2 User Interface
Figure 1 shows the user interface designed for our experiments.
The interface was designed to fulfill two requirements: 1) it should
stimulate listening to music on mobile phones for the presented sce-
narios, and 2) it should allow users to modify the recommendation
algorithm by modifying the contextual information and their own
profiles. The interface used in the experiment consists of the follow-
ing components: depiction of context scenarios, the ContextPlay
prototype, and experimental instructions. Below we describe each
component in detail.

3.2.1 Scenarios. The background of the interface is constantly
adjusted to represent a given scenario of music listening. In addition
to the background image, we also try to stimulate users by a short
passage describing the location and activity in the mobile screen
before the task. Figure 1, for instance, shows the scenario “Home-
Relaxing: imagine you are resting on a sofa at home. Now you want
to create a playlist to help you relax.”, with a matching background

2https://developer.spotify.com/documentation/web-api/reference/personalization
3https://developer.spotify.com/documentation/web-api/reference/search/search
4popularity, danceability, energy, speechiness, acousticness, instrumentalness, liveness,
valence, tempo, loudness, key, and mode
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Figure 1: User interface highlighting the scenario of “Home-relaxing”; a) a playlist for showing a user’s liked songs), b) the
simulated mobile interface of ContextPlay, c) a panel to inform participants the current context information, d) a set of in-
structions showing the task of the experiment.

figure depicting this scenario. In the experiment, we used four
typical scenarios of music listening, namely working in the office,
driving on the highway, resting at home, and jogging on the street.
The scenarios are further justified in Section 3.3.

3.2.2 ContextPlay. We designed the interface to allow modifying
contextual parameters on a simulated mobile phone (see Figure 1,
b). This simulated mobile interface has two tabs to allow users to
navigate between the user profile, and the contextual information.

User profile. Users are able to specify their musical preferences
in all conditions by selecting artists, tracks and genres to be seeded
from. Figure 1, b3 shows the view of the user profile containing
three dropdown items with multi-select options, in which users
can select multiple artists, tracks and genres to be considered for
generating recommendations. However, due to the restriction of the
Spotify API, we only allowed the users to select up to two artists,
two tracks, and one genre.

Contextual information. The “context info” component consists
of two sections (Figure 1, b1 and b2). In the first section (b1), two
sliders enable controlling the weights for location and activity. The
values of location and activity are fixed: users are not allowed to
modify the location and activity, because they are determined by
the scenario depicted in the background image, but they can modify
the weight or relative importance of these two factors with a slider.
The second section (b2) has four drop-down menus for modify-
ing additional contextual characteristics, such as mood, weather,
time, and social aspects. By default, these contextual characteris-
tics are empty. Leaving these contextual characteristics optional
allows us to study which characteristics are important for users. Of

note, the order of the context field was counterbalanced among the
participants using a Latin square design.

When users update these additional contextual characteristics
(mood, weather, time, and social), related icons will appear in the
interface. The four icons shown in the panel (Figure 1, c) represent,
for instance, that the user is listening tomusic with other people, has
a happy mood, and that it is a sunny morning. When users change
the context settings, the system also updates the recommendations.

The recommended items are presented one by one in an em-
bedded Spotify player. A pair of thumb rating icons at the bottom
allows the user to rate songs. A positive rating saves the song, while
a negative rating skips the song and shows the next recommended
song in the ranking.

3.2.3 Experiments. The user interface also contains some widgets
to support the experiment. A playlist (Figure 1, a) shows the songs
liked by a user.When the list contains five songs a questionnaire link
will appear below the playlist. A panel on the right side (Figure 1,
d) lists all of the required steps of the experimental task.

3.3 Scenarios
Location and activity are the most influencing contextual charac-
teristics to music listening [15]. Therefore, in our experiment, we
define listening scenarios by considering different activity levels
and locations. Figure 2 shows a 2x2 taxonomy for the music listen-
ing context: location on one axis, which specifies whether the user
is listening to music indoor or outdoor, and on the other axis the
activity, either focused or relaxing.

For our experiment, we selected four scenarios which correspond
to a quadrant of this taxonomy. The locations and activities chosen
are selected to be diverse with regard to the type and amount of
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Figure 2: A taxonomy for scenarios based on location and
activity.

user control that would be expected to be optimal (e.g., driving is
largely a hand-free type of activity).

4 EXPERIMENTAL DESIGN
We conducted a mixed-design user study to answer our research
questions.

Using a between-subjects approach, we introduce two experi-
mental settings (one with, and one without, controls for contextual
information) and each setting was evaluated by a group of par-
ticipants (N=70). To avoid the influence of UI on the experiment,
the two settings have the same UI layout and visual style. In the
baseline condition, user control of context information is hidden,
but the participant can still inspect the context information.

Using a within-subjects approach, we investigate how two of
four scenarios (counter-balanced using a Latin Squares design)
influence the actual control behaviour and the requirements of user
control on context-aware recommendation. We measure different
aspects of the user experience based on the user-centric evaluation
framework for recommender systems [24].

4.1 Hypotheses
In this study, we evaluated a context-aware music recommender
system with two settings of user control to investigate how the
control of context information (RQ1) and contextual characteristics
(RQ2) affect user perception of system, and how the scenarios influ-
ence the user requirements on control for music recommendations
(RQ3). Therefore, we have the following hypotheses:

H1: The control of context significantly increases user perception
of system.

H2: The contextual characteristics will influence user perception
of system.

H3: The scenarios will influences user requirement on control
for the music recommender.

4.2 Participants
We recruited 140 participants (Age: Mean = 29.92, SD = 9.12; Gen-
der: Female = 45.86%, Male = 54.41%) with Amazon Mechanical
Turk (mTurk), and paid $1 USD for an estimated completion time
of 30 minutes. The participants were required to have a minimum

Figure 3: The user-centric evaluation framework of recom-
menders as used in our experiment.

approval rating of 90%. We recorded the unique worker IDs of par-
ticipants who completed the experiment to avoid repeated partici-
pation. After rejecting the participants with contradictory and low
quality responses, we kept 114 participants with valid responses.

4.3 Measurements
Recent related work found that musical sophistication (MS) can
influence how users interact with, and benefit from, control in mu-
sic recommender systems [20, 21]. In order to control for how MS
influences the way of controlling context information, we measure
MS in the pre-study questionnaire using ten questions from the
sub-scale “general MSI” of Goldsmiths Musical Sophistication In-
dex (Gold-MSI)5. Since the setting of user control may influence
user cognitive load [21], we also use NASA-TLX6, a widely used
questionnaire to assess cognitive load after finishing each task.

Our experiment uses a user-centric evaluation framework for
recommender systems [24] to gauge how the setting of user con-
trol (objective factor) and contextual characteristics influence the
user experience and interaction. This framework (Figure 3) shows
the potential interactions between components such as Objective
System Aspects (OSA), Subjective System Aspects (SSA), User Ex-
perience (EXP), Interaction (INT), Contextual Characteristics (CC),
and Personal Characteristics (PC). We employed this framework
to analyze how user control of contextual information (OSA) influ-
ences perceived quality and diversity (SSA), perceived effectiveness
(EXP), and user interaction (INT). Moreover, we consider the effects
of musical sophistication (PC), and contextual characteristics (CC),
on EXP and INT. All question items are measured on a seven-point
Likert scale from Completely disagree to Completely agree.

We also record user actions in a log file, including the completion
time of task, the specific context info and user profile elements
modified by users, the number of times users modify context and
user profile elements, and the number of listened songs and skipped
songs.

4.4 Procedure
The experimental task is to find five good songs that best match
the presented scenario and user’s music preference. Each partici-
pant needed to perform this task for two scenarios. The procedure
contains the following steps:
5http://www.gold.ac.uk/music-mind-brain/gold-msi/
6https://humansystems.arc.nasa.gov/groups/tlx
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(1) Tutorial of study - Participants were asked to read the descrip-
tion of the user study and watch a video tutorial introducing
the main features of systems. Only the available features
are shown for a particular setting in the video. The “Start"
button of the study is only activated after the end of the tuto-
rial. After authorizing their Spotify accounts to the system,
participants are redirected to a pre-study questionnaire.

(2) Pre-study questionnaire - This questionnaire asks the user’s
age and gender, and measures musical sophistication.

(3) Manipulating recommender and rating songs - Users can mod-
ify the context and user profile elements as explained above.
The system presents recommended songs one by one in an
embedded player. The play buttons allow users to listen to 30-
second excerpts. The system will reset the context informa-
tion and user profile before starting the second scenario. To
ensure sufficient time spent on exploring recommendations,
the rating widget only appears 20 seconds after showing the
recommended song. Similarly, the link for the questionnaire
only appears after finishing the experimental task.

(4) Post-study questionnaire - Participants fill a post-study ques-
tionnaire after finishing the task in both scenarios. According
to Knijnenburg’s framework [24], this questionnaire asks
five questions for perceived quality, diversity, and effective-
ness, and six questions for gauging cognitive load. In the
end, users are able to provide free text comments.

5 RESULTS
5.1 Analytical approaches
To investigate the effects between different factors, we conducted a
structural equation model (SEM) analysis for the logged data and
questionnaire results by using the R toolkit, Lavaan7. All answers
to the questions are modeled as ordinal variables. SEM is able to an-
alyze the effects in an integrative structure where we can associate
all the detected effects.

We employ several validated questions items [24] to measure
each subjective factor in a questionnaire such as perceived quality,
perceived diversity, and effectiveness.

To establish the validity of these question items, we perform a
Confirmatory Factor Analysis (CFA) before evaluation. As a result,
we refine the answers to our questions (Table 1) and establish the
validity of the factors in our study.

The resulting SEM model (Figure 4) shows how control for con-
text (OSA), musical sophistication (PC), and contextual characteris-
tics (CC) influences perceived diversity and quality (SSA), effective-
ness (EXP), and user interaction (INT).

The fit of our SEM model is adequate: χ2114 = 154.90, p <.01; root
mean squared error of approximation (RMSEA)= 0.040; 90% CI:
[0.022, 0.055], Comparative Fit Index (CFI) = 0.996; Turker-Lewis
Index (TLI) = 0.995.

5.2 Effects of control settings
The results of the SEM (see Figure 4) show that the control settings
(OSA) have a directly correlation with perceived quality. Compared

7http://lavaan.ugent.be/

to the baseline, control of contextual characteristics increases per-
ceived quality (p<0.01). In turn, the increased quality positively
affects perceived effectiveness, and the increased effectiveness al-
lows users to finish the task (find five good songs) with fewer
attempts. However, the control setting has no significant effect on
perceived diversity and cognitive load.

Thus, we can accept the hypothesis H1: The control of context
significantly increases user perception of system.

5.3 Effects of contextual characteristics
In total, we investigated six contextual characteristics (CC). We re-
moved three items (activity, social, and time) from the SEM model
because they do not have significant effects on any other factors. We
find that mood positively correlates with perceived quality (p<.05)
and diversity (p<.05), which further positively influences the per-
ceived effectiveness. Moreover, both weather and location directly
influence effectiveness: weather tends to negatively influence the
effectiveness (p<.05) and location tends to positively influence the
effectiveness (p<.05). Note, since the value of location is preset,
encoding “0/1” represents for different locations (indoor/outdoor)
rather than considering location or not. Therefore, we can inter-
pret this result as outdoor tends to increase the effectiveness. In
addition, cognitive load negatively influences effectiveness (p<.01).
Thus, we can accept hypothesis H2: The contextual characteristics
will influence user perception of system.

5.4 User interaction

Figure 5: The percentage of users who controlled each con-
text information in four scenarios.

To understand the effects of scenario on user interactions, we
recorded which control components’ values were changed by users
in each scenario. Thereby, we know which contextual characteris-
tics and user profile elements are more likely to be modified in a
particular scenario. Since two experimental settings have different
control components, we only analyze interaction data (N=61) in
the setting of full user control.

Figure 5 shows the percentage of participants who modified each
contextual characteristic in four scenarios. The figure does not
include the data of location and activity because their values were
preset in the experiment. In general, mood is the most modified CC
in all scenarios, and weather was modified as much as mood in the
outdoor+relaxing scenario. Additionally, in general, users seem to
modify contexts slightly more in relaxing scenarios (Scenarios 2
and 3) than focused scenarios (Scenarios 1 and 4)
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Construct Question items R2 AVE

Perceived
quality

I liked the songs recommended by the system. 0.77

0.86
The recommended songs fitted my preference. 0.87
The recommended songs were well-chosen. 0.93
The recommended songs were relevant. 0.88

Effectiveness

I would recommend the music recommender to others. 0.89

0.72
The music recommender has no real benefit for me. 0.49
I can save time using the music recommender. 0.78

Perceived
diversity

The recommendations contained a lot of variety. 0.94
0.75The recommendations covered many music genres. 0.63

Most songs were from the same genre. 0.68
Table 1: Results of Confirmatory Factor Analysis (CFA). Question items with R2 values lower than 0.5 and large modification
indices are removed in the refined results. Both the convergent validity and the discriminant validity of our model hold.

Figure 4: The structured equation modeling (SEM) results. The number (thickness) on the arrows represents the β coefficients
and standard error of the effect. Significance: *** p < .001, ** p < .01, * p < .05. R2 is the proportion of variance explained by the
model. Factors are scaled to have a SD of 1.

Figure 6: The percentage of users who controlled each user
profile element in four scenarios.

Figure 6 shows the percentage of participants who manipulated
user profile elements. The most manipulated components are the

liked artists and tracks in four scenarios. Only a quarter of partici-
pants modified genres in all of the scenarios. The relaxing scenarios
seem to engage more users to modify their profile compared to the
focused scenarios.

Thus, we can accept hypothesis H3: Scenarios will influence user
requirement on control for the music recommender.

5.5 Musical sophistication
In line with earlier results [21], the personal characteristic musical
sophistication has a positive effect on perceived effectiveness, which
in turn increases the efficiency for performing the task.

5.6 Subjective feedback
We asked participants which contextual characteristics they would
like to consider for music recommendations. Overall, participants
commented positively about controlling context, e.g., "this is useful
for creating playlists for myself for different situations.". Mood is
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the most mentioned contextual characteristic, mentioned by 92%
participants, and two participants mentioned they would like to
have a fine grained control for mood. This was followed by activity
(75%) and social (56%). Only 42% of participants mentioned location
and weather. Two participants also mentioned other characteristics
they would like to be taken into account: season and temperature.

Participants also indicated that more control over genres was
desired: "include more genres for the variety".

6 DISCUSSION
In this section, we discuss our findings on control of contextual
characteristics, and its influence on perception and interaction.

6.1 Control of context
Earlier work has shown that combining control over the user profile
and algorithm parameters leads to better perceptions of recommen-
dations than only controlling a single component [21]. Similarly,
our results suggest that users tend to perceive higher quality of rec-
ommendation when they can control the context, which positively
influences effectiveness and user interaction. Compared to the con-
trol over the user profile in the baseline setting, control of context
seems to be very effective in searching for songs for a particular sit-
uation. Therefore, we could confirm the hypothesesH1 and answer
research question RQ1. Some user comments also reflect this merit.
In addition, control of context does not lead to higher cognitive load,
which is in line with our earlier findings [21] that combining two
levels of control does not lead to higher cognitive load compared
to one level of control.

We suggest that recommender designers include control of
context to increase perceived recommendation quality.

6.2 Contextual characteristics
Our results show that mood, weather, and location tend to directly
influence the users’ perception of music. The most influential con-
textual factor is mood as it positively influences perceived rec-
ommendation quality and diversity. This is in line with previous
research [4, 5, 44] which has found a strong correlation between
music and mood. Numerous participants commented that mood
plays an important role in music listening and they would like to
control mood for music recommendation. Surprisingly, we found
that weather negatively influences the (perceived) effectiveness.
This may be influenced by the quality of the trained models for
weather tags such as rainy and sunny.

In addition, users tend to perceive higher effectiveness in an
outdoor environment. A potential reason may be that users are
more likely to associate music with the current context while doing
outdoor activities. Therefore, we could confirm the hypotheses H2,
and answer research question RQ2.

Our recommendation to system designers is to offer a fine-
grained control for mood in order to increase perceived recom-
mendation quality and diversity.

6.3 User interaction
The SEMmodel only shows a significant effect for the number of lis-
tened songs for user interaction. In addition, the log file also reveals
which control components were more likely to be manipulated by

users in each scenario. Overall, mood was the most modified factor,
which might be explained by the high relevance between mood and
music mentioned in subjective feedback.

As for the user profile, we see users are more likely to modify
artists and tracks rather than genres. Due to the limitation of Spo-
tify API, we show genres based on user top listened artists, and
hence most genres should be familiar to participants. However, the
subjective feedback indicates users would like to see more genres
to increase recommendation diversity. Moreover, users are more
likely to modify both contextual characteristics and user profile
elements in the relaxing scenarios than in the focused scenarios
because of the higher attention required by the focused activities.
Thus, this addresses research question RQ3, and we can accept
hypothesis H3.

Recommender practitionersmay consider adapting control
settings to a particular scenario, such as fewer control options
when the user is performing a focused task.

7 LIMITATIONS
Firstly, for the scenarios we asked participants to consider the
recommendations in a simulated environment using background
images and the context icons. While this helped participants to
imagine the hypothetical scenarios, it may be still difficult for par-
ticipants to accurately assess their behaviors or preferences.

Secondly, we trained a classification model for context tags using
the user created playlists on Spotify. However, for a specific context
users may have different music preferences, which may influence
the effectiveness of the classification model.

Thirdly, although we asked users to manipulate the system based
on the contextual environment and their music preferences, some
users may still click on some components out of curiosity. Thus,
the recorded actions may not perfectly reflect user intentions.

8 CONCLUSION
We have described ContextPlay, a context-aware music recom-
mender system that empowers users to inspect and control the
contexts considered for music recommendations. Unlike previous
systems that focused on individual contextual characteristics, Con-
textPlay took into account six characteristics that are related to
music listening. We then conducted an online user experiment to
investigate how controlling contextual characteristics influences
user perception and interaction with recommendations. We found
that the control of contexts, and in particular mood, has positive
effects on perceived recommendation quality and diversity. More-
over, users tend to modify context parameters and their own profile
in the relaxing scenarios regardless of locations. Overall, compared
to existing research on context-aware music recommenders, our
research considered six contexts and sheds light on the contexts
that users might want to control and the potential advantages of
controlling contexts in such a music recommender. In the future,
we plan to extend our research findings by implementing a mobile
app and experimenting in the wild.
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